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Jess K. Zimmerman6 & María Uriarte1
Projected increases in cyclonic storm intensity under a warming climate will have profound effects 
on forests, potentially changing these ecosystems from carbon sinks to sources. forecasting storm 
impacts on these ecosystems requires consideration of risk factors associated with storm meteorology, 
landscape structure, and forest attributes. Here we evaluate risk factors associated with damage 
severity caused by Hurricanes María and Irma across Puerto Rican forests. Using field and remote 
sensing data, total forest aboveground biomass (AGB) lost to the storms was estimated at 10.44 
(±2.33) Tg, ca. 23% of island-wide pre-hurricane forest AGB. Storm-related rainfall was a stronger 
predictor of forest damage than maximum wind speeds. Soil water storage capacity was also an 
important risk factor, corroborating the influence of rainfall on forest damage. Expected increases of 
20% in hurricane-associated rainfall in the North Atlantic highlight the need to consider how such shifts, 
together with high speed winds, will affect terrestrial ecosystems.
Cyclonic storms (hurricanes, typhoons, and cyclones) represent the dominant natural disturbance for many 
coastal forests1–4. Multiple lines of evidence indicate that atmospheric warming will lead to more intense tropical 
cyclones5. Sea surface temperature increases in most regions of tropical cyclone formation suggest that maximum 
wind speeds will rise and storms are likely to intensify more rapidly6. Anthropogenic warming will also lead to 
higher atmosphere moisture content and increases in tropical-cyclone rainfall rates6–9. Increases in the intensity 
and frequency of tropical cyclones may reduce the ability of tropical forests to sequester carbon10.
Tropical forests account for ~70% of the gross carbon sink in the world forests (~4.0 Pg C year−1)11. Although 
land use change is the predominant driver of change in the tropical forest carbon sink, natural disturbance (e.g., 
fires, cyclonic storms) can also have important effects10,12. Models and empirical evidence agree that ecosystems 
are generally carbon sources immediately following disturbance, but are likely to shift to carbon sinks as vegeta-
tion recovers10,13,14. Forecasting the impacts of a greater number of more severe storms on the ability of tropical 
forests to act as a carbon sink requires consideration of myriad risk factors that determine the magnitude of storm 
impacts on vegetation across landscapes.
Observational and modelling studies suggest that forests growing at high elevations or on windward slopes are 
more exposed to high wind speeds, and experience greater damage and tree mortality from severe storms1,15–18. 
Associations between topography and tree damage may also be mediated by geology and soil characteristics19. 
Restricted root growth of trees growing on ridges, in shallow soils, or soils with poor drainage, may make trees 
more vulnerable to wind-throw and stem break1,15,16, particularly when extreme winds are accompanied by large 
amounts of rainfall and flooding20. Forest stand attributes are also significant predictors of tree damage and mor-
tality as tall forests and dense canopies are generally more susceptible to wind damage1,21,22.
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Detecting landscape scale effects of cyclonic storms causing forest damage is difficult using a field sampling 
approach. Extreme wind speeds are highly patchy23,24, and the effect of large-scale factors, such as spatial variation 
in storm meteorology and landscape heterogeneity on tree damage and mortality are difficult to detect. When 
based on field plot observations, assessments may miss up to 17% of mortality25 and small field plot studies lack 
the statistical power needed to assess drivers of vegetation damage26,27. Remote sensing approaches allow esti-
mation of forest damage across large areas and identification of risk factors that lead to spatial heterogeneity in 
storm impacts.
On September 6, 2017 Hurricane Irma passed roughly 100 km off the northeast coast of Puerto Rico bringing 
over 300 mm of rain to some parts of the island, but generally there was little damage to the forests. Two weeks 
later, on September 20, 2017, Hurricane María caused widespread damage to forests when it made landfall on 
the island with maximum sustained wind speeds as high as 210 km hr−1 and in some areas, nearly 1,500 mm of 
storm-related rainfall over 48 hours (Supplementary Fig. S1).
Here, we combine field observations and data from remotely-sensed images to estimate total aboveground 
biomass (AGB) lost to Hurricanes Irma and María in Puerto Rican forests. We then examined the importance 
of meteorological, landscape, and forest stand-level risk factors that influenced spatial heterogeneity in forest 
damage. Forest damage (proportion of aboveground biomass lost) was quantified using 25 forest inventory plots 
from mature, old-growth forests distributed across Puerto Rico (Fig. 1, Supplementary Table S1). Field dam-
age estimates were used to calibrate a remotely sensed index of damage derived from cloud-free composites of 
Sentinel-228 top-of-atmosphere reflectance image that show the fractional change in non-photosynthetic vegeta-
tion (ΔNPV) over time across Puerto Rico (312,319 ha study area). To control for forest seasonal phenology, the 
images used were collected the year before Hurricanes Irma and María (September 15-November 1, 2016) and 
soon after the two hurricanes (September 21-November 1, 2017). This method (ΔNPV) uses spectral unmixing 
to determine the change in NPV (i.e., woody tree stems and branches) visible from the satellite. Such change is a 
Figure 1. Fractional change in non-photosynthetic vegetation (ΔNPV) in forested areas of Puerto Rico 
caused by Hurricanes Irma and María in September 2017. Blue colours indicate absence of damage, including 
re-greening, while tan to dark red colours indicate damage. A value of 0–0.05 (i.e. light blue) indicates little or 
no change from the year before the storms (September 15 – November 1, 2016) to after the storms (September 
21-November 1, 2017). Black circles indicate locations of field plots measured for this study. The additional inset 
panel shows the locations of the plots clustered within the boundaries of El Yunque National Forest. Clustered 
plots include subsections of the Luquillo Forest Dynamics Plot, all subsections of a forest succession plot, all 
elevation gradient plots, and two climate gradient plots (Supplementary Table S1). Non-forested areas and 
forested areas not included in the study area due to cloud cover for the study period are shown in grey. ΔNPV 
was generated from Sentinel-2 TOA imagery28 in Google Earth Engine74 and visualized using ESRI ArcGIS 
software (version 10.5 https://desktop.arcgis.com/en/arcmap/).
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reasonable indicator of forest damage from cyclonic storms and wind disturbance29–32. We evaluated the relative 
importance of meteorological, landscape, and stand-level risk factors for forest damage using a random forest 
model33. Meteorological risk factors include two-week antecedent rainfall prior to Hurricane María (including 
that from Hurricane Irma), Hurricane María maximum sustained one-minute winds speeds, and total Hurricane 
María-related rainfall. Landscape risk factors included topographic indices (i.e. slope, curvature, and wind expo-
sure to Hurricane María), surface-level geological substrate, and soil water storage. Canopy height was used to 
assess the impact of forest stand structure on damage.
Results
field damage assessment and landscape aboveground biomass (AGB) estimation. Forest dam-
age quantified using ΔNPV was highly variable across the 312,319-ha study area (Fig. 1), although nearly all (ca. 
92%) pixels experienced some degree of damage (Supplementary Fig. S2). Values of ΔNPV were positively associ-
ated with all field-plot based estimates of damage (Supplementary Fig. S3). Among the plot damage metrics con-
sidered, the proportion of aboveground biomass (AGB) lost to the storm had a strong relationship with ΔNPV 
(R2 = 0.58) (Fig. 2). Total pre-hurricane AGB for the study area was 45.87 Tg (95% CI = 33.29, 65.27) and an 
estimated 23% of standing pre-storm AGB was lost to the storms in forests across the island (10.44 Tg, CI = 8.11, 
12.77). This damage translated to a total loss of 5.22 Tg (CI = 4.06, 6.38) of carbon from broken, uprooted, and 
dead stems, as well as estimated tree-level branch and leaf loss of standing stems (Fig. 3).
Since we considered all stem-level AGB of broken trees to be lost as a result of the hurricanes, our evaluation 
overestimates the proportion of pre-storm AGB lost in the field. A complementary, more conservative analysis 
using 19 plots for which we had information for height to break estimated 20.73% AGB loss at the plot level, 
9.67% less than the 30.40% estimated AGB lost for the same 19 plots using our current method. Analyses using 
the conservative calculations in these 19 plots instead of using the non-conservative estimations in all 25 plots 
yield an island-level loss of 8.11 (CI = 5.86, 10.37) Tg instead of 10.44 Tg. This difference in estimates indicates 
that our non-conservative approach may overestimate AGB loss by as much as 2.33 Tg AGB across the study area, 
approximately 5% of total pre-storm AGB (Supplementary Fig S4).
Risk factor importance. Storm meteorological characteristics, landscape structure, and forest stand-level 
factors all influenced spatial heterogeneity of damage (Fig. 4). Together, these factors accounted for 51% of the 
observed variation in ΔNPV across the island’s forests. Pairwise correlations between risk factors was generally 
low, with moderate correlation between Hurricane María storm-related rainfall total and maximum sustained 
wind speeds for sample locations in this study (Pearson’s r = 0.43, n = 18,903, Supplementary Fig. S1, S5). Risk 
factor importance was calculated (i) as the impact on the model MSE after randomly permuting each risk factor 
(i.e. variable importance, VIMP) (Fig. 4a) and (ii) by averaging the depth of the first regression tree split (i.e. min-
imal depth, MD) for each risk factor across all regression trees for each variable (Fig. 4b)34,35.
VIMP and MD methods had nearly identical rankings for risk factor importance. Maximum canopy height 
was the most important predictor of damage (Fig. 4). Total rainfall and maximum sustained one-minute wind 
speeds associated with Hurricane María were the next most important risk factors. Antecedent rainfall over the 
Figure 2. Results from the linear regression between the change in non-photosynthetic vegetation (ΔNPV) 
and the proportion of aboveground biomass (AGB, Mg ha−1) lost as a result of Hurricanes María and Irma, as 
estimated from the 25 field plots. As a negative ΔNPV value indicates regreening after the hurricanes and no 
field plots displayed negative ΔNPV values, the figure x-axis (ΔNPV) lower limit was set to zero for plotting 
purposes. Grey areas indicate 95% confidence intervals for the slope. AGB lost was estimated by including the 
stem-level AGB for all stems broken, uprooted, or presumed dead, as well as the estimated branch AGB lost 
based on canopy surveys. All leaf AGB was considered lost (see Supplementary Information for alternative AGB 
loss estimates).
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two weeks prior to Hurricane María (including rainfall from Hurricane Irma), and soil water storage capacity 
(within the top 150 cm of soil), were the next most important factors, followed by geological substrate (at or 
near-surface) and slope. Curvature and topographic exposure to wind had the weakest association with ΔNPV 
compared to the other risk factors considered. The strength of interactions between rainfall and risk factors 
closely tied to soil water status is also indicative of rainfall playing a large role in mediating forest damage by 
other factors. In contrast, wind speeds displayed few interactions with other risk factors (Supplementary Fig. S6).
Partial dependence analyses of the risk factors indicate that taller forests and areas that experienced high 
rainfall during the two weeks before (including Hurricane Irma) and during Hurricane María had higher ΔNPV 
Figure 3. Estimated AGB lost as a result of Hurricanes Irma and María. AGB loss (Mg ha−1) estimates were 
calculated by multiplying the estimated proportion of AGB lost to the hurricanes (Fig. 2) by the estimated pre-
hurricane AGB (Supplementary Fig S8). Estimates for AGB were calculated using a regression between field 
inventory data and area-weighted LiDAR-derived canopy height for field plots. Estimated AGB loss is shown 
in colours from blue to red, representing low to high values of damage, respectively. Three insets are shown to 
highlight the variation in damage patterns around the island. Areas with no data are shown in grey. This figure 
was generated using Sentinel-2 imagery28 in Google Earth Engine74, canopy height derived from USGS 3DEP 
and field plots and visualized using ESRI ArcGIS software (version 10.5 https://desktop.arcgis.com/en/arcmap/).
Figure 4. Importance of risk factors from in random forest models (R2 = 0.51) in predicting ΔNPV. The 
importance was determined by randomly permuting values for each predictor variable (VIMP) (a) and 
by averaging the depth of the first split within the regression tree for each variable across 1,000 regression 
trees (MD) (b). VIMP is expressed as the difference between MSE of ΔNPV when the risk factor values are 
permuted, multiplied by 1,000.
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values (Supplementary Fig. S7). A positive relationship between high soil water storage capacity and ΔNPV also 
suggests that forests in areas with waterlogged soils may be particularly prone to damage. Water logging may have 
been exacerbated by wet antecedent soil moisture conditions arising from rainfall in the two weeks preceding 
Hurricane María, including rainfall associated with Hurricane Irma. Forest damage increased linearly with maxi-
mum wind speed until 120 km hr−1. Forests growing on steep slopes and in valleys subject to flooding had higher 
ΔNPV values, illustrating that forest growing in these topographic positions are more vulnerable to rainfall dam-
age. Geological substrate had little discernible effect on ΔNPV variation among groups after controlling for the 
effects of other predictors (Supplementary Fig. S7). Surprisingly, forest growing in topographically wind-exposed 
areas had similar ΔNPV values to those in areas whose orientation and exposure were expected to have more 
protection from the hurricane wind (Supplementary Fig. S7).
Discussion
As in many other tropical regions, Puerto Rican forests experience large catastrophic cyclonic windstorms rela-
tively often. Although there is some variation across the island, return intervals for hurricanes of the severity of 
the three most recent storms (Saffir Simpson scale 3 for Hugo and Georges and category 4 for H. Maria) are 15–50 
and 50–150 years, respectively17. Tree species are adapted to these disturbances and tree mortality rates after a 
severe wind storm tend to be low, ranging between 7–12%, only 2–3 times background mortality rates22,36–40. 
Nevertheless, wetter and more severe storms, such as Hurricane María, expected as a result of global warming 
will likely exert stronger pressures on forests41. Our results suggest that storm meteorological characteristics are a 
key driver of forest damage, highlighting the need for understanding how more severe storms will influence forest 
structure, composition, and carbon storage potential.
Beyond any effects of a single storm on forests, our results also demonstrate that not only is the severity of hur-
ricane disturbance key in driving forest damage, but the temporal pattern of disturbance also plays an important 
role. Trees affected by Irma may have been particularly vulnerable to damage from Hurricane María if stressed 
and weakened stems, saturating soils and loosened roots make stems more prone to breakage and uprooting20, or 
through other mechanisms of damage accumulation. Our study supports the idea that compounded disturbances 
can interact in ways that cannot be predicted from the study of a single disturbance42,43, an issue ecologists must 
address to successfully forecast the future of the biosphere under changing disturbance regimes44.
The majority of studies on impacts of hurricanes on ecosystems have been conducted at a plot level4,18,41,45 or 
over a limited range of environmental conditions29,46. The few studies that have characterized forest damage over 
heterogeneous environmental conditions using remote sensing47–49, have examined a limited set of risk factors, 
and fewer than a third of studies of this kind have been validated with field data50. As a result, our understanding 
of how expected shifts in storm meteorology may interact with landscape and forest stand attributes to mediate 
ecosystem vulnerability to hurricanes is extremely limited.
Our analysis integrated field-based estimates of aboveground forest damage with a remotely-sensed damage 
index to quantify the relative importance of meteorological, topographic, and stand level risk factors on forest 
damage during Hurricanes María and Irma across Puerto Rico. The few previous landscape and stand level stud-
ies on impacts of cyclonic storms on forests1,22,30,51–55 have focused on wind as the most important meteorolog-
ical driver of forest damage. Our study indicates, however, that extremely high rainfall associated with severe 
hurricanes can be a stronger predictor of forest damage. The importance of rainfall in relation to wind speed 
is supported by high damage observed in areas with high available water storage and high antecedent rainfall 
in addition to the failure of topography to protect against damage from extreme winds. Moderate correlations 
between Hurricane María storm-related rainfall totals and maximum sustained wind speeds for sample locations 
in this study shows that the two variables display distinct patterns across the island, which in future analyses 
should be considered both independently and interactively as predictors of forest damage.
High rainfall together with hurricane-force winds can cause uprooting of large trees since roots are more easily 
dislodged from wet soils54,56 and wet foliage increases the weight of the tree crowns. This effect can be exacerbated 
when soils hold more water or are saturated from antecedent rainfall1,22,57,58. Our finding that forest damage was 
greater in forests growing in areas with high antecedent rainfall and greater soil water storage capacity under-
scores the importance of rainfall as a key driver of damage. In a storm with extremely high rates of rainfall, such as 
Hurricane María, the combined effects of rain on already saturated soils and dynamic loading from wind gusts as 
high as 210 km hr−1 likely led to observed island-wide patterns of vegetation damage59. Topographic exposure was 
the least significant risk factor of those examined in this study. This is surprising given the significance of wind 
speed has in determining damage. One explanation for this may be that the protective role of topography may 
be lessened in storms of Hurricane María’s magnitude, which may foreshadow similar effects in future intense 
storms.
The record-breaking rainfall brought by Hurricane María to much of Puerto Rico also led to an unprecedented 
number of landslides and widespread flooding59–61. Landslide occurrence in Puerto Rico is strongly linked to 
rainfall intensity and duration62. Hurricane María was a high-intensity and prolonged rainfall event that caused 
a landslide density of at least one per km2 in 34% of Puerto Rico47. Although there were no major landslides in 
our field plots, the high landslide frequency across the island may have contributed to the relationship between 
rainfall and satellite estimates of forest damage used in this study, particularly for areas with vulnerable clay-rich 
soils such as those from volcanic geological substrate (Supplementary Fig. S1)47.
Observations and models in previous studies have demonstrated that atmospheric warming will increase rain-
fall rates as well as wind speed during hurricanes7. Some of the most significant increases in cyclone-associated 
rainfall are likely to occur in the North Atlantic. Models predict that by 2100, maximum sustained wind speeds 
during tropical cyclones in this region will increase by 6–15%, coupled with increases of ca. +20% in precipita-
tion within 100 km of the storm centre5,6. María is the strongest hurricane to have made direct landfall in Puerto 
Rico since Hurricane San Felipe in 192817 and may presage what atmospheric warming will mean for future 
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North Atlantic hurricanes. Recent analyses60 of associations between extreme rainfall events in Puerto Rico and 
long-term (from 1956–2016) climatic trends in sea surface temperatures found that the probability of observing a 
storm with precipitation similar to that of Hurricane María has increased almost five times, and hurricane return 
intervals have decreased by 50%. Expected change in cyclonic storm meteorology and our results suggest the 
impacts of rainfall on forest damage deserve more research attention.
Methods
Study site. Tropical forests in Puerto Rico are an ideal system to examine meteorological, landscape, and 
forest stand-level risk factors associated with severe hurricanes, as the island encompasses a variety of marked 
environmental gradients in a relatively small area (910,400 ha). The island’s complex geologic history is reflected 
in its rugged topography (0–1,338 m a.s.l.) and diverse parent soil materials, which include alluvial, limestone, 
volcanic, and ultramafic materials63 (Supplementary Fig. S1). Mean annual precipitation, ranges from 800 to 
4,500 mm yr−164. For this study, we limited our study area (312,319 ha) to forested areas in Puerto Rico65–67. Field 
plots68–71 cover the rainfall distribution, elevation gradients and two dominant geologies (volcanic and limestone), 
that are reflected in the diversity of forest characteristics present in Puerto Rico (Fig. 1, Supplementary Fig. S1, 
Table S1).
This study considers the impacts of Hurricane Irma, a category 5 storm that passed 100 Km to the northeast 
coast of Puerto Rico on September 6th, 2017 together with Hurricane María, a category 4 storm which crossed 
Puerto Rico on September 20th, 2017. Since these storms occurred within 15 days of one another, it is impossible 
to differentiate the effects of each Hurricane on forest damage. However, the majority of tree damage is ascribed 
to Hurricane María based on the visible effects of each hurricane on the forests (author observations, 2017) and 
the objective measures of storm intensity in Puerto Rico (see Supplementary Methods).
image processing. To assess damage with remote sensing, Sentinel-2 TOA reflectance images28 for Puerto 
Rico were collected from September 15 - November 1, 2016 (the year before Hurricane María) and September 
21 - November 1, 2017 (after Hurricane María) (see Supplementary Methods). Images were selected for the same 
months of each year (2016 and 2017) to represent the before and after periods to control for seasonal phenology. 
Pixels without cloud or cloud shadow were retained from the original Sentinel-2 TOA images within the study 
period (see Supplementary Methods), and used to create composite cloud-free images for the selected periods 
before and after the hurricanes, using the median non-masked pixel for each pixel location, within each series 
of images. Primary and secondary roads in the forest area were masked using TIGER 2016 (U.S. Census Bureau, 
2016)72, and streams were masked using a stream file taken from the Puerto Rico Center for Municipal Revenues 
(http://gis.otg.pr.gov)73. Image processing was conducted using Google Earth Engine74 and ESRI ArcGIS software 
(version 10.5 https://desktop.arcgis.com/en/arcmap/).
Spectral mixture analysis. We used spectral mixture analysis (SMA) to quantify the pixel-level change in 
non-photosynthetic vegetation (NPV) fraction between composite images to obtain our metric of storm damage. 
SMA assumes that every pixel is a linear combination of target endmember spectra (i.e. green vegetation, shade, 
and NPV), and quantifies the per-pixel fraction of each endmember75. As storm damage increases the amount of 
woody and dead vegetation exposed to the sensor, the increase in NPV fraction (ΔNPV) after Hurricane María 
reflects the magnitude of storm damage29–32.
We applied linear spectral unmixing to each composite image using endmembers for green vegetation (GV), 
NPV, and shade. Endmember values were determined following similar analyses conducted in the Amazon31,32. 
Following unmixing, we normalized the fraction of NPV without shade as NPV/(GV + NPV) so that fractions 
reflect only relative proportions of NPV and GV, and not differences due to effects of shading75. ΔNPV was cal-
culated by subtracting the normalized NPV fraction in the post-storm composite from the pre-storm composite. 
In a previous study in the Amazon32, ΔNPV acted as a signal for damage that lasted for approximately one year 
following an extreme wind event, until post-storm recovery generated sufficient new green tissues (mostly leaves) 
to obscure the NPV signal. In Puerto Rico, estimated NPV decreased in large areas in the south and other small 
patches scattered around the rest of the island after the storm, suggesting that these areas suffered minor damage 
from Hurricane María (Fig. 1, Supplementary Fig. S2). Rapid greening in the dry forests of the southwest portion 
of the island, far from the storm track, was likely the result of high rainfall without severe wind damage. We set 
these negative ΔNPV values to zero for the aboveground biomass estimation, as we are interested in estimating 
vegetation damage, rather than forest re-greening after the storms (Fig. 3).
field damage assessment and landscape aboveground biomass (AGB) estimation. To validate 
our remotely-sensed index of damage (ΔNPV), forest damage was assessed across a series of 25 permanent geo-
referenced field mapped plots distributed across the island (Fig. 1, Supplementary Table S1)68–71. A survey of all 
trees ≥10 cm in diameter at breast height (DBH: 1.3 m from the ground) was carried out in 23 plots between 
January and May 2018, and in the remaining 2 plots in the autumn of 2018, to assess tree damage resulting from 
the hurricane. For this study, trees were marked as dead if they had no living foliage at the time of survey. The 
survey recorded several qualitative and quantitative observations on tree damage resulting from the hurricanes, 
including the type of damage to stems (uprooting or break), tree crown damage and branch loss using methods 
similar to other studies conducted in Puerto Rico43,76. Field assessments for loss of branches and canopy damage 
were combined into three classes: low (0–25% loss), moderate (25–75%), and severe (75–100%). To link field plot 
data to the Sentinel images required that we aggregate tree-based damage data to the pixel scale (Sentinel-2 pixel 
size is 10 m). Plots differ in size and shape, so we used two approaches. For small plots (i.e. <1 ha) we aggregated 
data for the entire plot. For larger plots, we separated data into adjacent non-overlapping subsections (Fig. 1, 
Supplementary Table S1). The old-growth forested area of the largest plot, the 16 ha Luquillo Forest Dynamics 
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Plot, was divided into six 0.36 ha subplots, while the 1 ha old-growth plot from a set of chronosequence plots was 
divided into four subplots ranging in size from 0.23 to 0.24 ha. Only old-growth forest plots were considered and 
two plots that had been assessed for damage were eliminated, one due to cloud shadow and the other for partial 
cloud cover in the Sentinel-2 composites.
pre-hurricane AGB. We calculated AGB (leaf, branch, and stem levels) of stems ≥10 cm in DBH for all dicot 
tree species present within the 25 plots, using DBH measurements and the allometric equation developed for 
general dicots in forests in Puerto Rico77. This size class accounts for the majority of AGB in the plots. Height for 
the dominant palm species Prestoea acuminata var. montana, the most abundant tree species in some forests in 
the island, was estimated from DBH following the approach outlined in a previous study of palm diameter and 
height relationships43. A separate allometry using estimated palm height77 was used to estimate P acuminata AGB. 
Pre-hurricane landscape-level AGB (Mg ha−1) for the study area (305,972 ha after removing roads, streams, and 
cloud-covered pixels) was calculated using a regression of field-estimates of AGB and LiDAR-derived canopy 
height data from the 3D Elevation Program (3DEP)78. The regression accounted for 37% of observed variation in 
field estimates of AGB (Supplementary Fig. S9). Pre-hurricane canopy height for the entire study area was derived 
from the 2016 3DEP LiDAR data by subtracting last return elevation values from that of first returns. Errors and 
unrealistic canopy height values (i.e. <0 m or >40 m) were omitted (Supplementary Fig. S1I). Field canopy height 
values were estimated as the area-weighted average of canopy height values for pixels within each plot.
AGB loss to hurricanes. Direct observations of forest damage were used to estimate the field plot-level AGB 
damaged from the combined impacts of Hurricanes Irma and María. Plot-level damage was characterized using 
a variety of metrics including total damaged biomass, proportion of pre-hurricane biomass damaged, propor-
tion of basal area severely damaged (i.e. broken, uprooted or dead = BUD), stem density BUD (≥10 cm DBH), 
and proportion of stems BUD for each plot. AGB loss was calculated by summing the stem-level biomass of all 
stems broken, uprooted, or dead. For standing stems, field-based estimates of the proportions of canopy damaged 
(see above) were multiplied by the allometrically estimated branch-level AGB to estimate AGB lost from branch 
damage. The middle percentage value for the canopy damage classes described above (i.e. low = 12.5% loss, mod-
erate = 50% loss, and severe = 87.5% loss) were assumed for AGB loss calculations. All leaf AGB was considered 
lost, based on field observations. Branch and leaf loss of standing, non-BUD stems were added to the estimate of 
stem AGB loss.
Landscape-level biomass loss was estimated from the regression between ΔNPV and the proportion of esti-
mated AGB lost from field observations in the 25 plots (Fig. 2, Supplementary Fig. S3). For all pixels with damage, 
the proportion of AGB loss was calculated and multiplied by the estimate of pre-hurricane AGB. Carbon mass 
was assumed to be 50% of AGB values (Fig. 3)79. Estimates and 95% confidence intervals of AGB and AGB lost to 
the storm were calculated based on the regressions between field-based estimates and remotely sensed estimates 
for the 25 field plots (Fig. 2, Supplementary Fig. S9). ΔNPV and canopy height values for each pixel in the study 
area were included in the prediction as new data. The sum of pixel-level estimates and lower and upper confidence 
intervals represented the AGB and AGB lost for the study area.
Since many broken and uprooted stems will not completely die or will have delayed mortality41, this method 
likely overestimates immediate biomass loss. To quantify the potential error in our estimate of AGB loss, we used 
the most conservative estimate of AGB loss available with the data that was collected (Supplementary Fig. S4). 
In some field plots (n = 19), stem break height and the damaged branch percent were recorded. To estimate AGB 
loss above the stem break, stems in the plots with stem break height were modelled as a series of truncated cones. 
The radius of each cone was estimated using default parameters of tapering functions80, which have been found 
to be the most effective among several competing models in tropical forests81. The proportion of AGB above a 
given height was estimated, and AGB lost above the break from each stem was extracted from tree-level AGB (see 
above). In instances where percent branch damage was recorded, this was used to estimate branch damage rather 
than the midpoint of each damage category (see above). We used estimates of the proportion of AGB lost within 
the field plots to compare the method considering all broken, uprooted, and dead stem loss as well as branch and 
leaf loss to this conservative method using estimated AGB above break height and percent branch loss. As we 
have no basis for deciding which trees will live or die beyond the proportion of mortality of uprooted trees that 
died after previous hurricanes, both methods considered all uprooted stems living at the time of measurement to 
be lost, which may overestimate the actual future loss of these stems by as much as 45%43. Nevertheless, uprooted 
stems usually remain alive by sprouting new stems from the fallen trunk while much of the biomass in the main 
fallen stem will be lost. The landscape-level estimate was recalculated using the regression between plot-level 
proportion of AGB lost and ΔNPV to consider the total potential error in AGB loss.
Random forest models: evaluation of risk factor importance. Meteorological, landscape, and stand 
characteristics were used as risk factors for forest damage (see Supplementary Methods). Meteorological charac-
teristics include Hurricane María maximum 1-minute sustained wind speeds (km hr−1) (RMS HWind, https://
www.rms.com/models/hwind)82, rainfall data (NOAA, https://water.weather.gov/precip/download.php) for the 
day of Hurricane María landfall in Puerto Rico and the following day (September 20–21, 2017), and anteced-
ent rainfall for the two weeks before Hurricane María (September 6–19, 2017), including that which fell during 
Hurricane Irma (on September 6th). Landscape characteristics include indices of slope and general curvature 
(curvature in the direction of water flow)78, binary topographic wind exposure (NOAA NHC, https://www.nhc.
noaa.gov/data/)17,83, soil water storage capacity (gSSURGO, (https://gdg.sc.egov.usda.gov/), and bedrock geology 
type84. Canopy height was also included as a stand characteristic78.
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Statistical analyses. Fitting models with all our variables is computationally unfeasible for all the pixels in 
the island. For that reason, we assessed the association between ΔNPV and risk factors by randomly sampling 
20,000 points within the study area. Sample points were excluded if we lacked risk factor values for the location, 
which left a final total of 18,903 ΔNPV observations in the analyses. Risk factor values were extracted for a ran-
dom subset of ΔNPV pixels using the R package “raster”85.
Random forest models were fit to assess the relationship between the sampled ΔNPV and risk factors. 
Random forest models fit many nonparametric regression-trees to the data using a randomly selected subset of 
predictors per tree. As output, they give the average prediction of all the individual regression-trees33. This pro-
cess accommodates nonlinear relationships between the response (i.e. ΔNPV) and predictor variables (i.e. risk 
factors) as well as interactions between variables. All risk factors (i.e. Hurricane María maximum wind speeds, 
María-related rainfall, two week antecedent rainfall, slope, curvature, topographic exposure to Hurricane María 
winds, available soil water storage, geological substrate, and canopy height) were included in the model and a 
random forest model with 1,000 regression-trees was run. Analysis was conducted using the “randomForestSRC” 
package and the results visualized using the “ggRandomForests” package in R34,35. The importance of the individ-
ual predictors was assessed using two methods; first, we examined prediction strength while randomly permuting 
values for each predictor variable (VIMP); second, we calculated the minimal depth for each variable (MD), aver-
aging across the 1,000 regression trees33,34. The importance of the selected variables was assessed using both vari-
able importance (VIMP) and minimal depth (MD) methods. Partial dependence plots of the response variable to 
each risk factor were also generated by averaging prediction values for all other risk factor along the distribution 
of the risk factor of interest keeping other risk factors at mean values across regression-trees86. Partial dependence 
plots (Supplementary Fig. S7) were created using MD variable sorting importance order (Fig. 4B). We also quan-
tified all pairwise interactions between risk factors in the regression-tree using Friedman’s H factor87. This statistic 
measures how much of the variation of the prediction depends on the interaction among risk factors. It assigns a 
value of 0 if there is no interaction at all between one risk factor and any others and 1 if all of the variance comes 
from interactions between risk factors. This analysis was done using the “pre”88 and “iml” packages89 with a 3,000 
point subsample of our 18,903 ΔNPV sample points due to computational constraints (Supplementary Fig. S6).
Received: 3 December 2019; Accepted: 19 February 2020;
Published: xx xx xxxx
References
 1. Everham, E. M. & Brokaw, N. V. L. Forest Damage and Recovery from Catastrophic Wind. Bot. Rev. 62, 113–185 (1996).
 2. Mabry, C. M. et al. Typhoon Disturbance and Stand-level Damage Patterns at a Subtropical Forest in Taiwan. Biotropica 30, 238–250 
(1998).
 3. Bellingham, P. J. Commentary Cyclone effects on Australian rain forests: An overview. (2008). https://doi.org/10.1111/j.1442-
9993.2008.01914.x
 4. Lin, T. C. et al. Typhoon Disturbance and Forest Dynamics: Lessons from a Northwest Pacific Subtropical Forest. Ecosystems 14, 
127–143 (2011).
 5. Knutson, T. R. et al. Tropical Cyclones and Climate Change. Nat. Geosci. 3, 157–163 (2010).
 6. Knutson, T. R. et al. Global Projections of Intense Tropical Cyclone Activity for the Late Twenty-First Century from Dynamical 
Downscaling of CMIP5/RCP4.5 Scenarios. J. Clim. 28, (2015).
 7. Kossin, J. P. A global slowdown of tropical-cyclone translation speed. Nature 558, 104–107 (2018).
 8. Knutson, T. R. et al. Dynamical Downscaling Projections of Twenty-First-Century Atlantic Hurricane Activity: CMIP3 and CMIP5 
Model-Based Scenarios. J. Clim. 26, 6591–6617 (2013).
 9. Gutmann, E. D. et al. Changes in Hurricanes from a 13-Yr Convection-Permitting Pseudo–Global Warming Simulation. J. Clim. 31, 
3643–3657 (2018).
 10. Fisk, J. P. et al. The impacts of tropical cyclones on the net carbon balance of eastern US forests (1851-2000). Environ. Res. Lett. 8, 
(2013).
 11. Pan, Y. et al. A Large and Persistent Carbon Sink in the World’s Forests. Science (80-.). 333, 988–993 (2011).
 12. Van Der Werf, G. R. et al. Global fire emissions estimates during 1997-2016. Earth System Science. Data 9, 697–720 (2017).
 13. Chambers, J. Q. et al. Respiration from a tropical forest ecosystem: Partitioning of sources and low carbon use efficiency. Ecol. Appl. 
14, 72–88 (2004).
 14. Uriarte, M. & Papaik, M. Hurricane impacts on dynamics, structure and carbon sequestration potential of forest ecosystems in 
Southern New England, USA. Tellus A Dyn. Meteorol. Oceanogr. 59, 519–528 (2007).
 15. Arriaga, L. Types and causes of tree mortality in a tropical montane cloud forest of Tamaulipas, Mexico. J. Trop. Ecol. Sep 5, 623–636 
(2000).
 16. Bellingham, P. J. & Tanner, E. V. J. The influence of topography on tree growth, mortality, and recruitment in a tropical montane 
forest. Biotropica. Sep 32, 378–384 (2000).
 17. Boose, E. R., Serrano, M. I. & Foster, D. R. Landscape and regional impacts of hurricanes in Puerto Rico. Ecol. Monogr. 74, 335–352 
(2004).
 18. Tanner, E. V. J., Rodriguez-Sanchez, F., Healey, J. R., Holdaway, R. J. & Bellingham, P. J. Long-term hurricane damage effects on 
tropical forest tree growth and mortality. Ecology 95, 2974–2983 (2014).
 19. Mitchell, S. J. Wind as a natural disturbance agent in forests: A synthesis. Forestry 86, 147–157 (2013).
 20. Kamimura, K., Kitagawa, K., Saito, S. & Mizunaga, H. Root anchorage of hinoki (Chamaecyparis obtuse (Sieb. Et Zucc.) Endl.) 
under the combined loading of wind and rapidly supplied water on soil: analyses based on tree-pulling experiments. Eur. J. For. Res. 
131, 219–227 (2012).
 21. Lugo, A. E. Visible and invisible effects of hurricanes on forest ecosystems: An international review. Austral Ecol. 33, 368–398 (2008).
 22. Xi, W. Synergistic effects of tropical cyclones on forest ecosystems: a global synthesis. Journal of Forestry Research 26, 1–21 (2015).
 23. Bellingham, P. J. et al. Hurricanes need not causes high mortality: the effects of Hurricane Gilbert on forest in Jamaica. J. Trop. Ecol. 
8, 217–223 (1992).
 24. Imbert, D., Labbe, P. & Rousteau, A. Hurrican Damage and Forest Structure in Guadeloupe, French West Indies. J. Trop. Ecol. 12, 
663–680 (1996).
 25. Chambers, J. Q. et al. The steady-state mosaic of disturbance and succession across an old-growth Central Amazon forest landscape. 
Proc. Natl. Acad. Sci. 110, 3949–3954 (2013).
 26. Grimbacher, P. S., Catterall, C. P. & Stork, N. E. Do edge effects increase the susceptibility of rainforest fragments to structural 
damage resulting from a severe tropical cyclone? Austral Ecol. 33, 525–531 (2008).
9Scientific RepoRtS |         (2020) 10:4318  | https://doi.org/10.1038/s41598-020-61164-2
www.nature.com/scientificreportswww.nature.com/scientificreports/
 27. McMahon, S. M., Arellano, G. & Davies, S. J. The importance and challenges of detecting changes in forest mortality rates. Ecosphere 
10, e02615 (2019).
 28. Drusch, M. et al. Sentinel-2: ESA’s Optical High-Resolution Mission for GMES Operational Services. Remote Sens. Environ. 120, 
25–36 (2012).
 29. Chambers, J. Q. et al. Hurricane Katrina’s carbon footprint on U.S. Gulf Coast forests. Science (80-.). 318, 1107 (2007).
 30. Rifai, S. W. et al. Landscape-scale consequences of differential tree mortality from catastrophic wind disturbance in the Amazon. 
Ecol. Appl. 26, 2225–2237 (2016).
 31. Schwartz, N. B. et al. Fragmentation increases wind disturbance impacts on forest structure and carbon stocks in a western 
Amazonian landscape. Ecol. Appl. 27, 1901–1915 (2017).
 32. Negrón-Juárez, R. I. et al. Widespread Amazon forest tree mortality from a single cross-basin squall line event. Geophys. Res. Lett. 
37, 1–5 (2010).
 33. Breiman, L. E. O. Random Forests. 5–32 (2001).
 34. Ishwaran, H. & Kogalur, U. B. randomForestSRC: Random Forests for Survival, Regression, and Classificatio. (RF-SRC), R Packag. 
version 2.7.0., https://doi.org/10.1001/jamapsychiatry.2013.1944 (2018).
 35. Ehrlinger, J. ggRandomForests: Random Forests for Regression (2014).
 36. Walker, L. R. Tree Damage and Recovery From Hurricane Hugo in Luquillo Experimental Forest, Puerto Rico. Biotropica 23, 379 
(1991).
 37. Walker, L. R. Timing of post-hurricane tree mortality in Puerto Rico. J. Trop. Ecol. 11, 315–320 (1995).
 38. Bellingham, P. J., Tanner, E. V. J. & Healey, J. R. Sprouting of Trees in Jamaican Montane Forests, after a Hurricane. J. Ecol. 82, 
747–758 (1994).
 39. Lin, T. C. et al. Influence of typhoon disturbances on the understory light regime and stand dynamics of a subtropical rain forest in 
northeastern Taiwan. J. For. Res. 8, 139–145 (2003).
 40. Lugo, A. E. & Scatena, F. N. Background and Catastrophic Tree Mortality in Tropical Moist, Wet, and Rain Forests. Biotropica 28, 585 
(1996).
 41. Uriarte, M., Thompson, J. & Zimmerman, J. K. Hurricane María tripled stem breaks and doubled tree mortality relative to other 
major storms. Nat. Commun. 10, 1362 (2019).
 42. Paine, R. T., Tegner, M. J. & Johnson, E. A. Compounded Perturbations Yield Ecological Surprises. Ecosystems 1, 535–545 (1998).
 43. Uriarte, M. et al. Natural disturbance and human land use as determinants of tropical forest dynamics: Results from a forest 
simulator. Ecol. Monogr. 79, 423–443 (2009).
 44. Clark, J. S. et al. Ecological forecasts: an emerging imperative. Science 293, 657–60 (2001).
 45. Zimmerman, J. K. et al. Responses of Tree Species to Hurricane Winds in Subtropical Wet Forest in Puerto-Rico - Implications for 
Tropical Tree Life- Histories. J. Ecol. 82, 911–922 (1994).
 46. Wang, F. & Xu, Y. J. Comparison of remote sensing change detection techniques for assessing hurricane damage to forests. Environ. 
Monit. Assess. 162, 311–326 (2010).
 47. Van Beusekom, A. E., Álvarez-Berríos, N. L., Gould, W. A., Quiñones, M. & González, G. Hurricane Maria in the U.S. Caribbean: 
Disturbance forces, variation of effects, and implications for future storms. Remote Sens. 10, 1–14 (2018).
 48. Zhang, X., Wang, Y., Jiang, H. & Wang, X. Remote-sensing assessment of forest damage by Typhoon Saomai and its related factors 
at landscape scale. Int. J. Remote Sens. 34, 7874–7886 (2013).
 49. Hu, T. & Smith, R. B. The impact of Hurricane Maria on the vegetation of Dominica and Puerto Rico using multispectral remote 
sensing. Remote Sens. 10, (2018).
 50. Hoque, M. A. A., Phinn, S. & Roelfsema, C. A systematic review of tropical cyclone disaster management research using remote 
sensing and spatial analysis. Ocean Coast. Manag. 146, 109–120 (2017).
 51. Batke, S. P., Jocque, M. & Kelly, D. L. Modelling hurricane exposure and wind speed on a mesoclimate scale: A case study from 
Cusuco NP, Honduras. PLoS One 9, (2014).
 52. Batke, S. P. & Kelly, D. L. Tree damage and microclimate of forest canopies along a hurricane-impact gradient in Cusuco National 
Park, Honduras. J. Trop. Ecol. 30, 457–467 (2014).
 53. Foster, D. & Boose, E. Patterns of Forest Damage Resulting from Catastrophic Wind in Central New England, USA. Br. Ecol. Soc. 80, 
79–98 (1992).
 54. Xi, W. & Peet, R. K. Hurricane effects on the piedmont forests: Patterns and implications. Ecol. Restor. 26, 295–298 (2008).
 55. Luke, D., McLaren, K. & Wilson, B. Modeling Hurricane Exposure in a Caribbean Lower Montane Tropical Wet Forest: The Effects 
of Frequent, Intermediate Disturbances and Topography on Forest Structural Dynamics and Composition. Ecosystems 19, 
1178–1195 (2016).
 56. Xi, W. Forest response to natural disturbance: Change in structure and diversity on a North Carolina Piedmont forest in response to 
catastrophic wind events. 368 (2005).
 57. Xi, W., Peet, R. K., Decoster, J. K. & Urban, D. L. Tree damage risk factors associated with large, infrequent wind disturbances of 
Carolina forests. Forestry 81, 317–334 (2008).
 58. Scatena, F. N. & Lugo, A. E. Geomorphology, disturbance, and the vegetation and soils of two subtropical wet steep land watersheds 
in Puerto Rico. Geomorphology 13, 199–213 (1995).
 59. Pasch, R. J., Penny, A. B. & Berg, R. Hurricane Maria. National Hurricane Center Tropical Cyclone Report (2019). AL142016
 60. Keellings, D. & Hernández Ayala, J. J. Extreme Rainfall Associated With Hurricane Maria Over Puerto Rico and Its Connections to 
Climate Variability and Change. Geophys. Res. Lett. 46, 2964–2973 (2019).
 61. Bessette-Kirton, E. K. et al. Map Data Showing Concentration of Landslides Caused by Hurricane Maria in Puerto Rico. (2017).
 62. Larsen, M. C. & Simon, A. A rainfall intensity-duration threshold for landslides in a humid- tropical environment, Puerto Rico. 
Geogr. Ann. Ser. A 75 A, 13–23 (1993).
 63. Miller, G. L. & Lugo, A. E. Guide to the ecological systems of Puerto Rico. Gen. Tech. Rep. IITF-GTR-35 1–436 (2009).
 64. Daly, C., Helmer, E. H. & Quinones, M. Mapping the climate of Puerto Rico, Vieques and Culebra. Int. J. Climatol. 23, 1359–1381 
(2003).
 65. Kennaway, T. & Helmer, E. The Forest Types and Ages Cleared for Land Development in Puerto Rico. GIScience Remote Sens. 44, 
356–382 (2007).
 66. Helmer, E. H., Brandeis, T. J., Lugo, A. E. & Kennaway, T. Factors influencing spatial pattern in tropical forest clearance and stand 
age: Implications for carbon storage and species diversity. J. Geophys. Res. Biogeosciences 113, 1–14 (2008).
 67. Hansen, M. C. et al. High-Resolution Global Maps of. Science (80-.). 342, 850–853 (2013).
 68. Schwartz, N. B., Budsock, A. M. & Uriarte, M. Fragmentation, forest structure, and topography modulate impacts of drought in a 
tropical forest landscape. Ecology 100, (2019).
 69. Muscarella, R., Uriarte, M., Erickson, D. L. & Swenson, N. G. Climate and Biodiversity Effects on Standing Biomass in Puerto Rican 
Forests. Caribb. Nat. 199–217 (2016).
 70. Barone, J. A., Thomlinson, J., Cordero, P. A. & Zimmerman, J. K. Metacommunity structure of tropical forest along an elevation 
gradient in Puerto Rico. J. Trop. Ecol. 24, 525–534 (2008).
 71. Thompson, J. et al. Land Use History, Environment, and Tree Composition in a Tropical Forest. Ecol. Appl. 12, 1344–1363 (2002).
 72. TIGER/Line Shapefile, 2016, Series Information for the Current Census Tract State-based Shapefile. (2016).
 73. CRIM, P. Hydrography Revision, 2001-04 from CRIM Basemap, scale 1:5000, Aguas Buenas, PR Quadrangle. (2006).
1 0Scientific RepoRtS |         (2020) 10:4318  | https://doi.org/10.1038/s41598-020-61164-2
www.nature.com/scientificreportswww.nature.com/scientificreports/
 74. Gorelick, N. et al. Google Earth Engine: Planetary-scale geospatial analysis for everyone. Remote Sens. Environ. 202, 18–27 (2016).
 75. Adams, J. B. & Gillespie, A. R. Remote sensing of landscapes with spectral images: A physical modeling approach. Remote Sensing of 
Landscapes with Spectral Images: A Physical Modeling Approach https://doi.org/10.1017/CBO9780511617195 (2006).
 76. Canham, C. D., Thompson, J., Zimmerman, J. K. & Uriarte, M. Variation in susceptibility to hurricane damage as a function of storm 
intensity in puerto Rican tree species. Biotropica 42, 87–94 (2010).
 77. Scatena, F. N., Silver, W., Siccama, T., Johnson, A. & Sanchez, M. J. Biomass and Nutrient Content of the Bisley Experimental 
Watersheds, Luquillo Experimental Forest, Puerto Rico, Before and After Hurricane Hugo, 1989. Biotropica 25, 15–27 (1993).
 78. Carswell, W. J. The 3D Elevation Program: summary for Puerto Rico. https://doi.org/10.3133/fs20133097 (2016).
 79. Brown, S. Estimating biomass and biomass change of tropical forests: a primer. (Food and Agriculture Organization of the United 
Nations, 1986).
 80. Metcalf, E. J. C., Clark, J. S. & Clark, D. A. Tree growth inference and prediction when the point of measurement changes: modelling 
around buttresses in tropical forests. J. Trop. Ecol. 25, 1–12 (2009).
 81. Cushman, K. C., Muller-Landau, H. C., Condit, R. S. & Hubbell, S. P. Improving estimates of biomass change in buttressed trees 
using tree taper models. Methods Ecol. Evol. 5, 573–582 (2014).
 82. Mark D. Powell, Sam H. Houston, Luis R. Amat, Nirva Morisseau-Leroy, The HRD real-time hurricane wind analysis system. 
Journal of Wind Engineering and Industrial Aerodynamics 77–78, 53–64 (1998).
 83. Emery R. Boose, David R. Foster, Marcheterre Fluet. Hurricane Impacts to Tropical and Temperate Forest Landscapes. Ecological 
Monographs 64(4), 369–400 (1994).
 84. Reed, J. C. & Bush, C. A. About the geologic map in the National Atlas of the United States of America. (U.S. Geological Survey, 
2007).
 85. Hijmans, R. J. et al. Raster: raster: Geographic data analysis and modeling. R package, version (2011).
 86. Cutler, R. et al. Random Forests for Classification in Ecology. 88, 2783–2792 (2007).
 87. Friedman, J. H. & Popescu, B. E. Predictive learning via rule ensembles. Ann. Appl. Stat. 2, 916–954 (2008).
 88. Fokkema, M. & Christoffersen, B. Prediction Rule Ensembles Version. 0.7.1, (2019).
 89. Molnar, C. iml: An R package for Interpretable Machine Learning. J. Open Source Softw. 3, 786 (2018).
Acknowledgements
Research was supported by NSF award DEB-1801315 to M.U. and J.K.Z., NSF DEB-1546686 to the Luquillo 
LTER, and GRFP DGE 1644869 to J.H. G.A. participated as part of the Next Generation Ecosystem Experiments-
Tropics, funded by the U.S. Department of Energy, Office of Science, Office of Biological and Environmental 
Research. JH and AQ also acknowledge support from the Earth Institute, Columbia University. P. Piffer and N. 
Schwartz provided useful comments on the manuscript. We also thank the field crews that carried out the damage 
assessments.
Author contributions
J.H. processed and analysed the data. R.M., J.T., J.K.Z., and M.U. established the field plots. M.U. led the damage 
data collection using a protocol developed by G.A., J.T. and M.U., J.H. and M.U. wrote the first draft of the 
manuscript and all co-authors contributed to the final version. M.U., G.A., J.H. and A.Q. collected damage data.
competing interests
The authors declare no competing interests.
Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41598-020-61164-2.
Correspondence and requests for materials should be addressed to J.H.
Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.
Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the 
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.
 
© The Author(s) 2020
